Abstract. From e-commerce to social networking sites, recommender systems are gaining more and more interest. They provide connections, news, resources, or products of interest. This paper presents a federated recommender system, which exploits data from different online learning platforms and delivers personalized recommendation. The underlying educational objective is to enable academic institutions to provide a Web 2.0 dashboard bringing together open resources from the Cloud and proprietary content from in-house learning management systems. The paper describes the main aspects of the federated recommender system, including its adopted architecture, the common data model used to harvest the different learning platforms, the recommendation algorithm, as well as the recommendation display widget.
Introduction
Recommender systems have let to a shift from the user-active mode in search engines to the information-active mode in information discovery where interesting items are channeled to the user without (necessarily) an explicit request [1] . From e-commerce (e.g. Amazon 1 ) to social networking sites (e.g. Facebook
2
, LinkedIn 3 ), recommender systems are gaining more and more popularity whether to recommend connections, news, resources to access, or products to purchase.
With the development of computer technology, learning is no longer limited to classrooms. Technology-Enhanced Learning (TEL) aims at designing, developing and testing socio-technical innovations to support learning practices at both the individual and the organizational level [2] . It helps the learners to learn anywhere and anytime. More and more online platforms, such as Symbaloo 4 and Graasp 5 , enable users to access, share, and organize learning resources of all kinds, and manage their own Personal Learning Environments (PLEs). PLEs give students the opportunity to create, organize, repurpose and package their learning content and tools, increasing by that the learning efficiency and effectiveness [3] . Unlike traditional LMS (Learning Management Systems), PLEs are user-centered rather than teacher or course-centered. The shift from LMS to PLEs regarding educational resources introduces an overflow and a distortion: with course-centered LMSs, students are directly provided with a limited amount of selected and dedicated resources whereas with learner-centered PLEs, students have to face a large amount of resources for which they have to perform their own selection. Recommender systems therefore play a key role in open environments such as PLEs helping learners find what matches their interests from a pool of resources which, far from being preplanned and limited, can be added, augmented, and repurposed at run time [4] .
Throughout their studies in Swiss universities, students are often exposed to more than one online learning platform. As a matter of fact, the mobility of students across different universities is rising. At the same time, Swiss universities do not all rely on the same online learning platform, even though they have adopted a common single sign-on mechanism. In addition, within a single university, there could be more than one platform used [5] . It becomes essential to establish a system that integrates resources from different platforms, so that students can construct a richer learning environment and access additional distributed resources.
In this paper, we propose a federated recommender system that relies on people's interaction with distributed resources in order to deliver rich and relevant recommendations. Such recommendations can serve as a central access point for learners, enrich platforms used locally (within one institution) by bringing data from other universities and help create learning networks across Switzerland. The platforms themselves consist of LMS and PLEs serving different learning communities from Swiss Universities and including Graasp, Moodle 6 , and Mahara 7 . The rest of the paper is organized as follows. Section 2 discusses related work. Section 3 describes the main components of the federated recommender system. Section 4 concludes the paper and discusses future work.
Related Work
In this section, we discuss existing research around the two essential aspects of federated search or recommendation in learning contexts: the federation approach and architecture. The federation approach concerns about how to get effective data, filter and merge data, while the federation architecture pays more attention to the structure with which the system can be efficiently implemented. The study summarized in [6] focuses on ranking and merging search results from different resources. In order to efficiently combine different search results and improve performance, several algorithms are tested and compared on ObjectSpot 8 , a vertical federated search engine for academic papers and other learning objects. In [7] search results from different platforms are collected and re-ranked by a federated search service. Ranked search results are sent to a widget and displayed to the user. Re-ranking is performed as follows: the widget sends search result URLs (Uniform Resource Locators) to the recommendation service. This service returns personalized recommendations after analyzing attention metadata stored in the database [7] . Attention metadata consists of recorded users' interaction with the recommended items (i.e. preview, like, dislike) in order to leverage user's interest and rank items' global and local popularity (within the target users' network). By mining this metadata, recommended lists for similar queries is improved in subsequent search requests.
Several papers discuss the architecture adopted for federated search or information retrieval from distributed repositories. The multi-agent based architecture proposed in [8] has a master agent that interacts with users and dispatches search requests to service agents of different repositories. Each of the repositories has a service agent that collects and updates metadata, and processes requests sent by the master agent. Once the service agents return their results, the master agent combines the results and displays them to users. In AIREH (Architecture for Intelligent Recovery of educational content in Heterogeneous Environments) [9] , an intermediary communication point is proposed for retrieving learning objects from heterogeneous environments. The intermediary communication point is responsible for sending user requests to different repositories and then merging the returned ranked results. In Ariadne [10] , a harvester gets metadata belonging to new resources from different learning repositories regularly and incrementally. The efficiency of processing search requests is improved by checking metadata. The OpenScout system [11] follows the same approach.
Our federated engine also relies on a harvester to gather data across different platforms. However, we not only store metadata related to learning objects (or resources) but also interaction data linking users and learning objects. As a result, the federated can offer a personalized recommendation, where personal interests are inferred from user actions. In addition, recommended items are not limited to learning objects, but also include activity spaces and users.
As in [7] , we developed a portable widget in order to display recommendation results. A widget is a small Web application that is embeddable in a Web page and allows easy mashups [11] . This choice leads to a lightweight interoperability and an easy integration of the recommendation display service in the online learning platforms involved. The developed widget allows learners to classify recommended items by type (e.g. resources, users, or activity spaces) and gives an overview of the recommended items, whilst providing a link pointing to its physical location in one of the harvested learning platforms.
3
Proposed Federated Recommender System
Common Data Model
The federated recommender system exploits interaction data stored in different online learning platforms. "Considering that data models, naming conventions, and formats vary from user to user and network to network" [12] , it becomes crucial to adopt a standard data representation and exchange format across different platforms. Graasp is one of the online learning and collaboration platforms considered. It was built on top of the 3A interaction model illustrated in Fig. 1 . We adopt this lightweight model, as a reference model to exchange data across the different learning platforms involved. The 3A interaction model is based on the following main constructs [13] :
Fig. 1. Common Data Model
─ Actors: refer to users or people. Initially, the concept of actors integrated also the notion of applications (and more generally any entity capable of initiating an event). Later, a clear separation between human actors and applications was adopted. ─ Assets or resources: refer to different kinds of resources or digital artifacts (files, presentations, videos, wikis and etc.) created and shared among actors. ─ Activity spaces: refer to online contexts or containers where one or more actors share resources and applications, under the umbrella of an activity space serving an explicitly or implicitly stated purpose. For instance, for every course in a formal learning context, a main activity space can be created to which all students, tutors, and teaching assistants are invited to join. In the same way, a community could create an activity space to which all its members are invited.
Each learning platform involved (e.g. Moodle, Mahara) maps its data into the 3A model and offers REST (Representational State Transfer) 9 APIs that are called by the harvester to get data in XML or JSON (JavaScript Object Notation) 10 formats.
Architecture
The adopted architecture for the federated recommender system is illustrated in Fig.  2 . Its main building blocks are:
Fig. 2. Architecture of the federated recommendation system
─ A harvester, which periodically retrieves the metadata from different repositories through REST APIs, parses retrieved data, and stores it in the central repository; ─ A recommendation engine (or RE), which runs the recommendation algorithm regularly and then stores the results into the central repository; ─ A widget, which queries the central repository using REST APIs and displays recommended items to target users. This widget can be embedded in any platform that implements the adopted REST APIs, such as Graasp, ELGG 11 , Liferay 12 or Moodle.
Data Collection: The Harvester
The harvester serves as a middleware between the learning platforms and the central repository. Using the common REST APIs implemented by the learning platforms, the harvester regularly retrieves the metadata, parses it based on the 3A model taxonomy, and updates the central repository. For the sake of privacy, only public and closed items are retrieved. Public items consist of actors, spaces, resources and applications accessible to everyone without any restriction. The content of closed spaces on the other hand, are only accessible to authorized members, while everyone else can only see basic information (e.g. description, title, keywords).
During the harvesting operation, two tables are used to store the gathered data.
─ An indexing table which stores the URLs of the harvested items; ─ A queue table which stores the URLs that are in the waiting list to be harvested;
We describe hereafter the steps undertaken by the harvester and the role of the above tables in the data retrieval and storage process.
Step 1: Call the REST APIs, get the metadata and check item status. Each harvested item is identified with a unique URL. The harvester calculates the hash value of the URL and the API response, and stores them in the index table.
When the harvester calls the REST APIs, it will first check if the item's URL exists in the index table. If the URL exists and the hash value of the API response is still the same, nothing is done; if the URL exists but the hash value has changed, the item is updated; otherwise, it is a new item and it gets added into the table. If calling the defined APIs returns 404 errors for an existing item, it means that the item has been deleted from the platform and, as a result, it is also deleted from the index table. This check is important, as in some platforms such as Moodle, it is not possible to query the harvester every time an item is updated or deleted.
Step 2: Parse the response and store information in central repository.
For each URL stored in the index table, the response is parsed based on the 3A model taxonomy and the item's metadata (e.g. name, thumbnail image, description) are stored into the central repository.
Step 3: Check item's child elements. Spaces might contain members, resources and subspaces as child elements. Fig. 3 shows the XML response data for a space item containing a subspace, a resource and an actor, including their metadata. For each child element, the URL is stored in the queue table.
Step 4: Explore items stored in the queue table.
For each item stored in the queue table, the harvester goes through steps 1 to 3. The top-down recursive process ends when there are no more URLs in the queue table. Fig. 3 . Example of metadata related to a space
Data Processing: Recommendation Engine
The recommendation engine (or RE) uses the 3A ranking algorithm to compute the relative importance of existing items for a target user. The 3A ranking algorithm is derived from the original pagerank algorithm, which was designed by Page and Brin for ranking hypertext documents for Google [14] . Its main idea can be summarized as follows: if the owner of page j links to a page i, he/she is indicating that page i is important to check. The more incoming links a page has, the more important or authoritative it is. In addition, pages referred to by authoritative pages are considered as more important, and therefore ranked higher than pages linked by non-authoritative ones. Following this idea, item ranks are computed by applying a random walk algorithm on an adjacency graph connecting pages together, with two main parameters: one deciding the probability to choose a random page and the other deciding the probability to follow a page link. The 3A ranking algorithm follows the same idea except that its graph consists of nodes representing heterogeneous items, connected by edges representing different relation types with equal or different importance weights. For instance, for a space member, an edge having the "membership" weight connects the user node to the space node as a sign of interest of that user in the space. The algorithm's details and probability equation can be found here [15] .
In order to apply the algorithm to the harvested data, the RE constructs a graph where each public or closed item fetched is represented with a node. Unidirectional and bidirectional relations between any two items are respectively mapped in the graph by a single edge or two edges in opposite directions connecting the corresponding nodes. Fig. 4 illustrates a simple example of a 3A recommendation graph. In the graph, ovals represent user nodes while rectangles represent space nodes and parallelograms represent resources. Arrows represent one way and two-way relationships between items. Since Leona commented on the « Intro to HCI », she is supposed to be interested in HCI. As the author of the resource « Intro to HCI » and the creator of the « HCI course » space, Lion clearly shares the same interests. So does the « HCI course » space member, Cindy. Running the 3A recommendation algorithm with Leona, as the target user, will help her discover spaces and people with shared interests (e.g. Lion, Cindy, and « HCI course ») by following their inter-connections.
Data Visualization: Widget
The widget (open social gadget) is used to display the recommended items and can be applied across different platforms. Its interface is shown in Fig. 5 . It is implemented with JavaScript. For each user (student or tutor), the API will return a personalized list of recommendation items, displayed on different rows, according to their type.
Fig. 5. The interface of the widget
When the user clicks on a recommended item, it is the responsibility of the platform where it was actually posted to check whether the user has enough rights to access the item at hand. Swiss universities have implemented Shibboleth [16] as a single sign-on (SSO) mechanism. Shibboleth allows users to login once and have a unique identity across the different platforms and the recommendation widget. Hence, the navigation between the various platforms thanks to the widget can be rendered easy. Once got privileged by the responding platform, the user can do the operations as usual.
Conclusion and Future Work
This paper presents a relation-based recommender system, which delivers federated recommendation. According to the common data model, the harvester collects and parses metadata from heterogeneous sources. Then, the recommendation engine runs the 3A recommendation algorithm and computes the relative importance of all items based on the metadata stored in the central repository. Each target user gets the recommendation automatically in the widget and is able to access recommended items from the harvested learning platforms.
In the near future, we plan to adopt a hybrid approach for the recommendation engine. For new users, the recommendation engine can hardly provide useful recommendation without sufficient user actions. In the hybrid approach, the 3A relation-based recommendation technique will be combined with content-based analysis, in order to alleviate the cold-start problem. Content-based analysis consists of computing content similarity between items (by comparing different fields such as item title, description and keywords). Then the results of content-based filtering consisting of item-to-item similarity measures are fed into the 3A recommendation algorithm as an extra-relation.
An evaluation with students from different Swiss universities is also planned. The evaluation will focus on the widget's interface usability and the impact of federated search and recommendations as compared to local ones. The usefulness of recommending items from various online platforms used within one university as well as across different universities will be assessed.
